The statistical model SCOPIC (Seasonal Climate Outlook for Pacific Island Countries) has been used to produce seasonal forecasts in ten Pacific Island nations since mid-2007 to improve their seasonal forecasting capacity and to provide timely warnings to changes in rainfall. However, to date there has been no detailed hindcast validation study to compare the forecast skill from the different predictors used to produce the seasonal forecasts at different stations from across the Pacific region. Here, we compare the rainfall forecasts created by the linear discriminant analysis model within SCOPIC using the four predictors: the Southern Oscillation Index (SOI); empirical orthogonal functions of sea surface temperature anomalies (SST1&9) and the NINO3.4 and the 5VAR index. This indicates that skill varies from season to season across the Pacific, with the highest skill in the austral summer and lowest skill in the austral winter. This study using tercile hit rates and LEPS percentage scores shows the 5VAR index has slightly superior skill compared to the NINO3.4, SOI and the SST1&9 indices, but results will vary depending on the station location, analysis period and the number of months used to calculate the predictor value.
Introduction
Seasonal and inter-annual climate variability is a major factor in determining the vulnerability of Pacific Island nations to climate change, particularly due to the large scale impacts of the El Niño-Southern Oscillation (ENSO). Seasonal climate prediction assists Pacific Island nations at the regional level with valuable information to support decision-making processes for adaptation to climate variability. The statistical model SCOPIC (Seasonal Climate Outlook for Pacific Island Countries) has been used to produce seasonal forecasts in ten Pacific countries since mid-2007 to improve their seasonal forecasting capacity and provide timely warnings to changes in rainfall (Abawi et al. 2005; Charles et al. 2011 ). In the past, statistical models have proven to be a useful source of information for preparing seasonal climate predictions for Australia (Fawcett and Stone 2010; Chambers 1998, 2001; Casey 1998) and Pacific Island nations (Walsh et al. 2001; He and Barnston 1996) . However, the statistical models cannot reliably account for those aspects of climate variability and change that are not represented in the historical records. In a warming climate, environmental indicators used as predictors (such as sea surface temperatures, SSTs) are now periodically outside the range of historical records, and consequently the reliability of the forecasts may be compromised.
Recently, significant research efforts have been put in to improving our understanding of the Pacific climate as part of the International Climate Change Adaptation Initiative. In particular, developing skilful methodologies for seasonal climate prediction using a dynamical climate model POAMA (Predictive Ocean Atmosphere Model for Australia) has been undertaken under the Pacific Adaptation Strategy Assistance Program (PASAP; Kuleshov et al. 2012a ) and its successor, the Pacific Australia Climate Change Science and Adaptation Planning (PACCSAP) program (Kuleshov et al. 2012b ). The Australian Bureau of Meteorology (henceforth the Bureau) has developed a state-of-the-art dynamical seasonal forecast system POAMA based on a coupled model of the ocean and atmosphere. The model has good skill at predicting El Niño and La Niña several months in advance  decided to study the period 1950-2011 when rainfall data are available from most stations (except Honiara and Port Vila which start in 1954 and 1953 respectively) and time series for all the predictors are available.
We use the SOI, SST1&9 (where this notation means using SST1 and SST9 as two simultaneous predictors), 5VAR and NINO3.4 indices as the predictors in SCOPIC for forecast prediction, with a brief description of each given below. The SOI is ten times the standardised monthly anomaly of the difference in the mean sea-level pressure (MSLP) between Tahiti and Darwin (Troup 1965) (Kuleshov et al. 2008) . The 5VAR index is loosely based on the an approach similar to Multivariate ENSO Index (MEI, Wolter and Timlin 1993) , but without that index's bimonthly character. The 5VAR values can be obtained from the Bureau on request. The monthly SST NINO3.4 index describing central Pacific equatorial SSTs was obtained from the US National Oceanic and Atmospheric Administration (NOAA) from the data portal at www.cpc.ncep.noaa.gov/data/ indices/.
We assess the skill of the hindcast forecasts produced by SCOPIC using each of the four predictors (averaged over three months) over the period 1950-2011 with a lead time of one month (LT=1) for all 12 three-month 'seasons' by examining the cross-validated tercile hit rates and LEPS percentage scores (Potts el al. 1996) . For a detailed description of the LEPS skill scores and their application used by the Bureau, see Fawcett et al. (2005) and Fawcett (2008) . In this context a lead time of one month (LT=1) means using, for example, JanuaryMarch predictor values to forecast May-July seasonal rainfall. Currently, tercile hit rates and LEPS percentage scores are used in SCOPIC for real-time forecast verification. Hit rates are described by Wilks (2006) and a tercile contingency table (showing percentage correct) is shown in Cottrill et al. (2012) . SCOPIC uses the combined tercile hit rate from all three categories (lower, middle and upper tercile). For tercile hit rates, a score of 33.3 per cent represents climatology, hence values above this represent forecasts with positive skill. Tercile hit rates are useful for decision-making purposes compared to above median hit rates, since they provide a better guide to higher or lower rainfall. For more information on terciles and decision-making processes used in seasonal forecasting, see Everingham et al. (2002) and Ritchie et al. (2004) . LEPS scores, which are described by Potts et al. (1996) , are calculated as the LEPS percentage score in SCOPIC and range from −100 per cent to +100 per cent, where values above zero indicate Zhao and Hendon 2009) and it is capable of simulating the spatial and temporal variability of tropical rainfall associated with ENSO (Cottrill et al. 2013b) . The PASAP and PACCSAP projects developed and deployed seasonal climate predictions based upon POAMA thereby providing National Meteorological and Hydrological Services (NMHSs) in the Pacific with an additional tool to analyse SSTs, rainfall, air temperature and pressure. In addition, the POAMA portal provides access to accurate seasonal climate predictions for climate extremes such as high ocean temperatures (and the associated risk of coral bleaching) and high sea levels (www. bom.gov.au/climate/pacific/projects.shtml).
Presently, the Climate and Oceans Support Program in the Pacific (COSPPac) is helping to increase the capacities of Pacific Island countries (PIC) by aiding the delivery of operational seasonal prediction products to NMHSs using both statistical (SCOPIC) and dynamical (POAMA) modelbased approaches. It is expected that both methodologies of seasonal climate forecasting will be used in parallel over the next few years to assist NMHSs in the Pacific with preparing seasonal climate outlooks. Consequently, it is important to understand how to maximise benefits of using both approaches concurrently, to provide the most comprehensive and skilful seasonal climate outlooks for the PICs.
However, there has been no study to compare the forecast skill from SCOPIC and the different predictors used to produce the seasonal forecasts at different stations from across the Pacific region. Currently users in PIC NMHSs utilise either the Southern Oscillation Index (SOI), the first and ninth empirical orthogonal functions (EOFs) of SST anomalies (known as SST1 and SST9 respectively) from the work of Chambers (1998, 2001) , or the NINO3.4 anomalies as the predictors for rainfall in the Pacific region. In this paper we examine the change in skill of the forecasts produced by the statistical model from using different predictors and provide recommendations for the best choice of predictors at different sites based on a long-term analysis. Specifically, we use the SOI and the SST1 and SST9 indices, as well as the NINO3.4 index and the multivariate 5VAR index (Kuleshov et al. 2008) as statistical predictors and verify hindcast forecasts using tercile hit rates and linear error in probability space (LEPS) percentage (Potts et al. 1996) . We also look at decadal variability of station rainfall with the NINO3.4 index. Decadal variability has been well documented in the Australian (Power et al. 2006; Meyers et al. 2007 ) and Pacific (Salinger et al. 1995 (Salinger et al. , 2001 Yeh and Kirtman, 2004; Wang et al. 2009; Choi et al. 2013 ) regions, with an increase in the central Pacific El Niño Modoki noted in recent decades by Ashok et al. (2007) .
Data and methods
Monthly rainfall data from 14 stations across the Pacific region were provided by the NMHSs of ten countries for this hindcast validation study (Table 1) . Although rainfall data at several of these stations go back up to 100 years, we have
Results
Figure 1(a) shows the cross-validated tercile hit rates for forecasts for each of the 14 stations averaged over the 12 seasons, using LT=1 for the hindcast period 1950-2011 and the four predictors 5VAR, SOI, NINO3.4 and SST1&9. Tarawa has the highest tercile hit rates using the 5VAR and NINO3.4 indices. Other high tercile hit rates (≥45 per cent) occur at Funafuti, Nadi Airport, Rarawai, Nabouwalu and Port Vila. Low tercile hit rates (≥40 per cent) occur at Suva, Rotuma, Apia and Rarotonga. In comparing the different indices, six stations (Tarawa, Nadi Airport, Rarawai, Nabouwalu, Suva and Rarotonga) have the highest tercile hit rates using the 5VAR index, four stations (Rotuma, Alofi, Apia and Honiara) using SST1&9, two stations for the SOI (Funafuti and Nuku'alofa), while the NINO3.4 index produces the highest hit rates at Port Vila and Port Moresby. Most stations show a small difference in the tercile hit rates of about 3-5 per cent between the predictors. However, Port Moresby and positive skill. Tercile hit rates represent the accuracy of the forecasts, whereas the LEPS scores show the skill of the forecasts relative to climatology.
SCOPIC uses linear discriminant analysis (LDA) to predict rainfall from the historical data (Charles et al. 2011; Cottrill et al. 2013a) . Version 3.0 of the SCOPIC software was obtained from the Bureau and COSPPac to create hindcasts and calculate the tercile hit rates and LEPS percentage scores. Skill scores from the four standard seasons (December-January-February (DJF), March-April-May (MAM), June-July-August (JJA) and September-October-November (SON)) represent only one quarter of the seasons used in real-time forecasting, so we use all 12 seasons to identify the variation in skill during the full year. The current predictors used for each station are shown in Table 1 . We also compare the correlation values of station rainfall with the NINO3.4 index for the four standard seasons described in Cottrill et al. (2012) for the period 1982-2006 and from this study 1950-2011 to identify which stations are most affected by decadal variability and ENSO. Tarawa have the largest differences between predictors of 6.6 per cent (NINO3.4 versus SST1&9) and 5.7 per cent (5VAR versus SST1&9) respectively, and Nadi Airport the smallest difference (~2.3 per cent between the 5VAR and the SOI). Figure 1(b) shows the tercile hit rates for each of the 12 seasons (LT=1 and the hindcast period 1950-2011), averaged over all 14 stations. This shows the highest tercile hit rates are in DJF (50 per cent), followed by NDJ (48 per cent) and OND (47 per cent). There is a slow fall from the peak in the tercile hit rates from the austral summer into autumn to around 43 per cent in FMA, MAM and AMJ, and further falling to around 37 per cent from MJJ to JAS, before rising again in the austral spring. There is a distinct minimum in the tercile hit rates in JJA and JAS (circled). There is generally a greater spread in Port Vila maintaining statistically significant correlations. Although Tarawa maintains statistically significant correlations in all seasons due to close proximity to the Inter-Tropical Convergence Zone (ITCZ) and the SPCZ, Port Vila is located away from these major rainfall influences and experiences the dry season in JJA, when rainfall activity in the SPCZ is weak. Hence, the high correlation for JJA at Port Vila is not easily explained and only weak anomalies were highlighted in the regression of CMAP (Climate Prediction Center (CPC) Merged Analysis for Precipitation) rainfall on the standardised NINO3.4 index in the Vanuatu region in Fig. 2(c) in Cottrill et al. (2013b) . Decadal variability was noted from across the southwest Pacific region by Salinger et al. (1995) during the twentieth century using annual rainfall, but they did not investigate how this varied between the four standard seasons.
Discussion and conclusions
This study has examined the variation of tercile hit rates and LEPS percentage scores in seasonal forecasts made by SCOPIC from 14 rainfall stations across the Pacific region, using a lead time of one month and a three-month average of the predictor. Overall, the results indicate that for all four predictors the tercile hit rates are highest in the austral summer in the central equatorial Pacific (Kiribati region), with high skill also occurring in parts of the SPCZ and the southwest Pacific in the austral summer, autumn and spring. The lowest tercile hit rates occur in the austral winter centred on JJA and JAS, which is also consistent with low tercile hit rate results shown by the dynamical model Predictive Ocean-Atmosphere Model for Australia or POAMA (Cottrill et al. 2013a and Cottrill et al. 2013b) . This is consistent with the impacts due to ENSO being generally lowest during the dry season or austral winter and highest in the austral summer in the southwest Pacific and SPCZ regions (Cottrill et al. 2013b) , when ENSO usually reaches its peak.
We used all 12 seasons to compare the skill scores using the four different predictors and data from 62 years , which includes decades of high and low ENSO variability (Mendelssohn et al. 2005; Power et al. 2006; Lee and McPhaden 2010) . Hence, statistical forecasts using different climatological periods may exhibit higher or lower skill than shown in this study. Cottrill et al. (2013a) showed the tercile hit rates for SCOPIC forecasts between the two Nabouwalu, Nuku'alofa and Port Vila. Low LEPS scores (≤5 per cent) occur at Suva, Rotuma, Apia and Rarotonga. LEPS scores are quite similar between the different predictors at Funafuti, Nabouwalu, Suva, Rotuma, Nuku'alofa, Alofi, Apia and Honiara but vary more at Tarawa and Port Vila. Hence, stations with high tercile hit rates also have high LEPS percentage scores, and stations with low tercile hit rates, low LEPS percentage scores.
Figure 2(b) shows the LEPS percentage scores for each of the 12 seasons (LT=1 and the hindcast period 1950-2011), averaged over the 14 stations. This shows a similar pattern to Fig. 1(b) , with the highest LEPS scores in the austral summer (NDJ: 17 per cent, DJF: 17 per cent and OND: 16 per cent), with two distinct seasons of low LEPS scores (minima) in MAM (5 per cent) and in JJA (5 per cent) and JAS (4 per cent) (circled). Overall, forecasts using the 5VAR index have the highest LEPS percentage scores, followed by NINO3.4, SOI and SST1&9, similar to that shown for the tercile hit rates.
A summary of the tercile hit rates from the 14 stations and the four standard seasons using the four predictors, LT=1 and the period 1950-2011 are shown in Table 1 . This shows that the tercile hit rates are quite similar between some of the predictors at several stations and seasons (such as Honiara in DJF) and large differences at others (like Nuku'alofa in JJA). Statistically significant values (≥45 per cent) are shown in bold at the 95 per cent confidence level. The average tercile hit rate for each season and predictor are also shown, as well as the best predictor indicated by this study. Overall, the 5VAR and SST1&9 indices are the best predictors (using a three-month average) in the equatorial and South Pacific Convergence Zone (SPCZ) regions, with the NINO3.4 index being the best in the southwest Pacific region. The tercile hit rates in JJA for Nuku'alofa are surprisingly low and are caused by outlooks which were close to climatology (33.3 per cent), but are generally higher if a different period is selected. Although we have not shown the LEPS percentage scores in detail as in Table 1 for the tercile hit rates, both Figs 1 and 2 show that results are similar at the station level and for most of the 12 seasons (the main exception being MAM).
To identify stations which may be affected by decadal variability and ENSO, we examine the correlation of station rainfall and the NINO3.4 index (a proxy for ENSO) for the two periods 1950-2011 and 1982-2006 . The correlations are shown in Table 2 for 1950 -2011 and in Cottrill et al. (2012 ) for 1982 -2006 for the four standard seasons. The highest number of stations with statistically significant values occurs in DJF, MAM and SON (nine to 12 stations) in the equatorial, SPCZ and southwest Pacific regions for both time periods. However, the average correlation (using only statistically significant values) is slightly lower for the longer time period, with DJF (0.57 versus 0.58), MAM (0.43 versus 0.56) and SON (0.48 versus 0.54) , indicating the austral summer (DJF) has the highest correlation values. The austral winter (JJA) has the lowest correlation values for both periods, indicating ENSO has a much lower impact on rainfall at this time of year across the region, with only Tarawa and minima occurring in the austral autumn and winter, which have not been previously described. Suva, Rotuma and Apia have negative LEPS percentage scores which partially explain the drop in skill for this season, but there is also a drop in skill at the other stations. This analysis should provide a useful guide to using different predictors in SCOPIC, as well as highlighting the variation of skill using tercile hit rates and LEPS percentage scores throughout the year and in different regions.
We also compared the correlation of station rainfall with the NINO3.4 for the two periods 1950 -2011 and 1982 -2006 (Cottrill et al. 2012 ) to identify which stations may have significant decadal variability. Overall, the correlation values are slightly higher for DJF, MAM and SON in the shorter time series from 1982-2006, indicating that the higher frequency of El Niño events during the latter part of the twentieth century (Salinger et al. 1995; Ashok et al. 2007 ) is an important factor in decadal ENSO variability and will impact on the forecast skill.
Overall, Suva and Rotuma have low correlations in most seasons and low tercile hit rates indicating forecasting at these locations will be difficult using a statistical model. Apia and Rarotonga also have low hit rates but slightly better correlations. In contrast, high correlation and tercile hit rates at Tarawa, Nadi Airport, Rarawai, Nabouwalu and periods 1982-2006 and 'all years' (using the entire rainfall time series with predictors) were similar for DJF and JJA, but increased slightly in MAM and decreased slightly in SON for 'all years'. Hence, based on the tercile hit rates, not all seasons and stations show systematic changes in skill dependent on the hindcast period and therefore real-time seasonal rainfall prediction can be problematic at some stations and regions.
Overall, using tercile hit rates and LEPS percentage scores, this study shows the 5VAR index has slightly superior skill compared to the NINO3.4, SOI and SST1&9 indices. However, this varies between regions, with Kiribati and Fiji (except Suva and Rotuma) having higher skill using the 5VAR index; Niue, Samoa and the Solomon Islands in the SPCZ region show only small differences in skill between the predictors and in the southwest Pacific region, the NINO3.4 index is the better predictor. It should be noted that most countries use multiple rainfall stations in the Pacific region for seasonal prediction and so it is difficult to conclude which predictor may be optimal in a particular region. We also used the three-month average of the predictor since this is what most of the Pacific NMHSs currently use, but this may not necessarily be the best choice for some stations.
Although the LEPS percentage scores show similar features to the tercile hit rates, they also show two distinct Port Vila indicate the statistical model should work well for these stations in all seasons, except in the austral winter when skill will be lower in statistical and dynamical models (Cottrill et al. 2013b ).
To conclude, this hindcast validation study documents the skill of widely used statistical model SCOPIC, with a focus on seasonal forecasting of rainfall using four key predictors. Currently, over 15 countries in the Pacific successfully use SCOPIC for their seasonal forecasts, with a number of countries now using it since 2007. Over this period, significant research and development efforts have been spent on the development of SCOPIC. However, this valuable seasonal climate prediction tool and science behind its rich functionality is poorly presented in the peerreviewed literature. Currently, the COSPPac program uses SCOPIC as the key seasonal climate prediction tool which will be implemented in operational services of NMHSs in PICs. We believe the results obtained in this study could be a valuable and useful guide for the numerous users of SCOPIC to assist Pacific NMHSs with optimal selection of predictors for preparing skilful seasonal rainfall forecasts.
